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Abstract 
Researchers in the field of child neurology are increasingly looking to supplement clinical trials of motor 
rehabilitation with neuroimaging in order to better understand the relationship between behavioural training, brain 
changes, and clinical improvements. Randomised controlled trials are typically accompanied by sample size 
calculations to detect clinical improvements but, despite the large cost of neuroimaging, not equivalent calculations 
for concurrently acquired imaging neuroimaging measures of changes in response to intervention. To aid in this 
regard, a power analysis was conducted for two measures of brain changes that may be indexed in a trial of 
rehabilitative therapy for cerebral palsy: cortical thickness of the impaired primary sensorimotor cortex, and 
fractional anisotropy of the impaired, delineated corticospinal tract. Power for measuring fractional anisotropy was 
assessed for both region-of-interest-seeded and fMRI-seeded diffusion tractography. Taking into account practical 
limitations, as well as data loss due to behavioural and image-processing issues, estimated required participant 
numbers were 101, 128 and 59 for cortical thickness, region-of-interest-based tractography, and fMRI-seeded 
tractography, respectively. These numbers are not adjusted for study attrition. Although these participant numbers 
may be out of reach of many trials, several options are available to improve statistical power, including careful 
preparation of participants for scanning using mock simulators, careful consideration of image processing options, 
and enrolment of as homogeneous a cohort as possible. This work suggests that smaller and moderate sized studies 
give genuine consideration to harmonising scanning protocols between groups to allow the pooling of data. 
Highlights  
 Power analysis for imaging-measures of neuroplasticity in cerebral palsy 
 Details enrolment numbers needed to detect changes in structural and diffusion MRI 
 A range of assumptions tested, including differences in treatment response 
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1. Introduction 
Motor rehabilitation for children with cerebral palsy (CP) is currently hampered by our lack of understanding of how 
the brain responds to rehabilitative therapy at microscopic and macroscopic scales [Reid et al., 2015]. Researchers 
are increasingly looking to quantify brain reorganisation in clinical trials of motor rehabilitation in order to better 
understand the relationship between behavioural training, brain changes, and clinical improvements, and/or to 
index subtle changes which may not be reflected in clinical assessments [Boyd et al., 2013]. This information may 
ultimately inform rehabilitation, for example by elucidating factors that interfere with motor learning, such as 
maladaptive plasticity, or disrupted network deficits that prevent neuroplastic changes [Reid et al., 2015].   
MRI data can be analysed in a variety of ways to acquire metrics of brain changes, including changes in cortical 
thickness, and changes in diffusion metrics of white matter [Reid et al., 2015]. Cortical thickness is a structural 
measure related to several neurophysiological changes, including variations in neuronal, glial and synaptic density 
[Zatorre et al., 2012]. This measure has been used to quantify structural changes related to plasticity in animal 
studies [Anderson et al., 2002], and correlated with cognitive performance in several human studies [Dickerson et 
al., 2009; Narr et al., 2007; Shaw et al., 2006]. Diffusion MRI is typically used to investigate white-matter 
microstructure, and metrics such as fractional anisotropy (FA) applied to the corticospinal tract have been found to 
correlate with a number of clinical scores in CP [Reid et al., 2015; Scheck et al., 2012]. A small number of 
longitudinal studies have demonstrated that motor training can induce changes in cortical thickness and diffusion 
metrics in animals [Anderson et al., 2002] and in adults who do not have CP [Scholz et al., 2009; Taubert et al., 
2010]. Speech therapy has also been demonstrated to alter cortical thickness of the left posterior superior temporal 
gyrus in children with children with CP [Kadis et al., 2014]. 
Power analyses are relied on to plan clinical-trial enrolment numbers, but are usually based on expected 
behavioural improvements, rather than secondary image-derived measures of neuroplasticity potentially conducted 
as a part of these trials. Clinical trials based on these behavioural changes alone may be underpowered for 
detecting changes with neuroimaging, because neuroimaging and clinical changes may have substantially different 
effect sizes and variance. Underpowered trials are wasteful in terms of time and resources but, to the best of the 
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authors’ knowledge, no literature is readily available for ensuring rehabilitative trials are sufficiently powered with 
respect to neuroimaging. The present work aims to address this gap by providing participant numbers required to 
detect secondary-outcome changes in both cortical thickness and tractography-derived diffusion metrics in white 
matter, which may occur as a result of primary therapeutic intervention. Required n values for a variety of effect 
sizes are presented. These effect sizes are based on published literature and brain changes measured in a 
longitudinal motor-learning study of healthy adults [Reid et al., 2016c; Sale et al., 2016]. Population-appropriate 
variances were calculated by applying methods from this study to images from children with unilateral CP. This work 
pertains specifically to studies wishing to detect the amplitude of structural and/or microstructural measures in 
specific motor-related regions. It should be noted that alternative analysis methods which investigate the ‘typicality’ 
of imaging findings [Friston et al., 1999a; Friston et al., 1999b], originally developed for functional MRI analyses, 
have distinctly different form of hypothesis to most randomised controlled trials of neurorehabilitation, and so are 
considered out of scope for the present manuscript.  
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2. Methods 
Participant numbers were calculated for a theoretical longitudinal study in which MR imaging took place 
immediately prior to, and immediately following, several weeks or months of treatment. It was assumed that such a 
study would utilise a paired parametric test (e.g. t-test) for differences in cortical thickness, or differences in FA of 
the delineated corticospinal tract using ROI-seeded or functional MRI (fMRI) seeded diffusion tractography. The 
general power analysis equation is described below before the description of values and sources of its parameters 
for each imaging metric.  
2.1 Statistical Analyses 
The power analyses were performed using the ‘pwr’ package in R statistical software [The R Development Core 
Team, 2008]. This test computes the sample size required to achieve a certain statistical power threshold (which is 
defined as one minus probability of a false negative finding), of a one-sided, paired t-test for a predefined effect 
size. Statistical power was varied between three thresholds; 0.8, 0.9 and 0.95, which represent a 20%, 10% and 5% 
chance of a false negative finding, respectively. A standard alpha value of 0.05 was used for all analyses. The 
longitudinal effect size for the power analysis was computed using the Cohen’s d formula as follows: 
             
          
    (            
           
 )
 
where      and       are the mean MRI measures from pre-treatment and post-treatment time points respectively. 
The variations of this formula includes two sources of variance; the measurement error (            ) and the 
variance in the longitudinal response to therapy (         ). Variance in response to treatment was set at 10% of 
the mean change, based on the variance in behavioural improvements reported in rehabilitative trials for CP 
[Eliasson et al., 2005; Gordon et al., 2011]. These measurement and response to therapy variances are provided in 
Supplementary Table 1, while participant numbers for 5% and 15% variances in response are provided in 
Supplementary Figure 2. Therefore, assuming a null hypothesis of no longitudinal change       , the calculation 
of the sample size   using the software package can be approximated with the following equation: 
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 represents a standardised z-distribution of the test statistic at the        cut-off for significance, and 
     represents the same standardised distribution at the       power threshold [Chow, 2011]. For each imaging 
modality, mean change in MRI measures and measurement error were based on quantitative data, as described 
below. 
2.2 Cortical Thickness 
Power was calculated for a hypothetical analysis that measured change in cortical thickness in the primary 
sensorimotor cortex of the impaired hemisphere. An ROI-based approach was assumed, as altered neural 
development in CP can invalidate assumptions of structure-function homogeneity across the cohort or hamper the 
accurate registration of anatomy, which would affect approaches such as voxel-based morphometry. A variety of 
expected cortical thickness increases were explored; these were based on published studies [Anderson et al., 2002; 
Iscan et al., 2015; Pagnozzi et al., 2016a] of this cortical thickness in different circumstances (Table 1). Based on this 
literature, an increase of 8% was considered to be a balanced estimate of change for effective therapies conducted 
over a 6-month time frame (See Table 1).  
CT change Notes 
6% 
Realistic/safe estimate for current therapies. 
 
At least one successful study of motor training in healthy adults 
detected subtle and/or highly localised CT changes which may be 
difficult to detect with ROI based methods [Sale et al., 2016]. 
Measurement errors of approximately 4% have also been reported 
in Freesurfer-based longitudinal studies, implying that CT changes 
near this number are likely to be difficult to detect with realistic 
cohort sizes [Iscan et al., 2015]. 
8% Balanced estimate for effective therapy over 6-month time frame. 
10% 
Optimistic data-driven estimate (extremely effective therapy). 
This change in CT has been observed in rats that underwent 1 
month of motor training [Anderson et al., 2002]. 
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12% 
Heavily optimistic estimate (extremely effective therapy). 
This change in CT has been observed between the injured and 
uninjured hemispheres in a cross-sectional cohort of children with 
CP [Pagnozzi et al., 2016a]. This difference reflects recovery of 
these participantss entire 7-16 years of life, which can be 
considered as an upper limit one can expect from several months of 
therapy. 
Table 1. The four effect sizes used for the power calculation. The authors’ opinions are provided on how realistic each effect 
size is for a randomised controlled trial of present rehabilitative therapy. Abbreviations: CT, cortical thickness; ROI, region of 
interest 
An outline of the cortical thickness pipeline is shown in Figure 1, and is described in detail below. An estimate 
of variance due to measurement error was obtained from five children with unilateral cerebral palsy (4 male; mean 
age 13.2y; age-range 9 – 15.8y; 4 GMFCS II; 1 GMFCS I; 3 right-sided hemiplegia), enrolled in the control arm of the 
Mitii clinical trial [Boyd et al., 2013]. The pathology present in this cohort was fairly homogeneous with respect to 
injury type and location (Supplementary Figure 1). These children underwent two MRI scans 20 weeks apart. As no 
intervention took place between these two scans, differences in measures of cortical thickness between the two 
scans is indicative of measurement error. This data is referred to herein as the ‘UCP-dataset’.  Ethics approval for 
the aforementioned trial was granted by the University of Queensland Human Research Ethics Committee and the 
Royal Children’s Hospital Brisbane. Written informed consent was obtained from each participant’s legal guardian.  
11 
 
 
Figure 1. An illustration of the cortical thickness pipeline used to estimate the effect size for the power analysis. Images from 
both time points are combined into a single-participant image. Tissue segmentation and manual definition of regions of interest 
(ROIs) are performed on this image, then propagated back to each time point. Cortical thickness is then estimated for each time 
point. This method reduces the influence of tissue segmentation or ROI definition inconsistencies on final results. 
Cortical thickness analyses utilised T1 MPR volumes (TR/TE: 1900/2.32ms; 0.9mm isotropic; Siemens Tim Trio 
3T) that underwent N4 bias field correction [Tustison et al., 2010], intensity normalisation and skull stripping. For 
longitudinal analyses, it is important to utilise a structural template for each participant that is unbiased to either 
pre- or post-treatment images, as labelling cortical regions on each image directly can result in uneven 
deformations or inconsistent labelling. Inconsistencies of this nature can produce false positive results and lower 
statistical power [Thomas et al., 2009]. Here, structural templates were constructed for each participant by first 
rigidly registering scans from each time point together using Advanced Normalization Tools (ANTs; v2.1.0, source 
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pulled 9th Feb 2016) SyN (symmetric) transformation [Avants et al., 2008]. An unbiased mid-point of these two time 
points was then produced by transforming both images by half of the resulting transformations, and then averaging 
them together (Figure 1). This template was then converted to sharper, final template using the 
‘antsMultivariateTemplateConstruction’ script. 
The accuracy of the brain mask around the cortical motor regions was carefully inspected, as both the under-
segmentation of the grey matter or the erroneous inclusion of dura would affect cortical thickness measures. Tissue 
segmentation was performed on this structural template using a patch based segmentation approach [Manjon and 
Coupe, 2016]. The obtained tissue segmentations were transformed back to each time point’s image space using 
the inverse transformations obtained from the single-participant template construction. Cortical thickness was 
obtained for each time point using a voxel-based Laplacian approach [Pagnozzi et al., 2016b], which has been 
previously demonstrated on children with CP. Cortical regions corresponding to motor function, including the pre- 
and post-central gyri, supplementary motor area and the superior parietal lobe, were each manually delineated on 
the single participant template by a paediatric neurologist (S.F.). The inverse transformations were again used to 
transform these masks to time-point-1 and time-point-2 image spaces, allowing cortical thickness measures in the 
cortical motor regions to be isolated at each time point. 
2.3  Diffusion MRI Tractography 
Power was also calculated for a hypothetical analysis that measured change in average FA values across the whole 
delineated corticospinal tract in each hemisphere after intervention. Participant numbers were independently 
calculated to achieve an 80% power of detecting a significant difference with training for two versions of such an 
analysis: ROI-seeded tractography and surface-fMRI-seeded tractography.  
Due to the dearth of literature reporting diffusion changes observed in children with CP undergoing 
longitudinal therapy, the amounts of expected longitudinal change were based on a healthy adult (‘HA’) dataset 
from a recent study, in which 24 healthy adults practiced a novel fine-motor task with their non-dominant hand for 
ten minutes a day for four weeks [Reid et al., 2016c]. This study found substantial improvements in task 
performance that were accompanied by changes in functional MRI, cortical thickness (voxel-based analysis), TMS 
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maps and the delineated corticospinal tract FA in the ‘trained’ hemisphere. Importantly, in this study, both ROI 
seeded tractography and surface-fMRI seeded tractography were conducted. To ascertain the impact choice of 
methodology on required participant numbers, both methods were tested for FA changes between 1% and 3%: 
values reported in the aforementioned study (Table 2). Note that although these changes were not based on 
children with UCP, and so the effect of rehabilitative therapy may differ, this range of FA values represents a wide 
scope from realistic to heavily optimistic effects of therapy. The use of the HA dataset was within the bounds of an 
approval originally granted by the University of Queensland Human Research Ethics Committee, for which 
participants gave written informed consent. 
FA change ROI-seeded tractography fMRI-seeded tractography 
1% 
Optimistic data driven estimate for very 
effective therapy. Such change has been 
demonstrated in healthy adults who 
mastered a unilateral motor task [Reid et al., 
2016c]. Unlike adults, the presence of 
pathology makes it less likely that sulcal 
boundaries are functional boundaries in 
children with CP. 
Realistic/safe estimate for current therapies. 
1.5% 
Optimistic data-driven estimate (extremely 
effective therapy). 
Balanced estimate for effective therapy over a 6-
month time frame. 
2% 
Heavily optimistic estimate (extremely 
effective therapy). 
 
Optimistic estimate for very effective therapy. 
3% 
Unrealistic estimate for present therapies. Heavily optimistic estimate for very effective 
therapy. Such change has been demonstrated in 
healthy adults who mastered a unilateral motor 
task [Reid et al., 2016c]. Behavioural 
improvements and anatomical homogeneity in this 
study were greater is typically reported in trials of 
CP therapy. 
Table 2. Effect sizes for fractional anisotropy change used in this power analysis. The authors’ opinions are provided on how 
realistic each effect size is for a randomised controlled trial of present rehabilitative therapy; see text for details. 
 To ascertain measurement error associated with each of these methods, both approaches were conducted on 
the UCP-dataset. For both methods, FA was sampled from the generated tracts, and the average across the whole 
track taken. Mean measurements from the second time point were then subtracted from those of the first time 
point and the variance of these differences computed. 
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2.3.1 ROI-seeded tractography 
To calculate FA measurement error, ROI-seeded tractography was performed on the UCP-dataset using manually 
defined ROIs corresponding to the primary motor cortex. Acquired during each scan-session was a 64-direction 
high-angular resolution diffusion image sequence with b=3000s/mm2, whole brain coverage, and 2.34 x 2.34 x 
2.5mm spatial resolution. A relatively standard HARDI dMRI pipeline was used that has been published in detail 
elsewhere [Pannek et al., 2012; Pannek et al., 2014]. In brief, this pipeline included extensive pre-processing of 
dMRI data, and utilised MRTrix 3 (https://github.com/MRtrix3/mrtrix3) [Tournier et al., 2012] to estimate fibre 
orientation distributions via constrained spherical deconvolution.  
For each dataset, registration between the previously generated single-participant T1 template and diffusion 
b0 diffusion image was calculated with FSL FLIRT using boundary-based registration [Greve and Fischl, 2009]. The 
inverse of this transform allowed the expert-drawn M1 labels (see above) to be projected into diffusion space. 
MRTrix3 was used to generate 20,000 corticospinal streamlines passing from each M1 label, through the posterior 
limb, to the brain stem. Constraining these tracts required 2D axial labels of the brainstem and posterior-limb of the 
internal capsule. These were delineated manually (L.B.R.) on up-sampled track-density images for each dataset 
using ITK-SNAP [Yushkevich et al., 2006]. 
With respect to degree of FA change, in the HA dataset, atlas-based ROI-seeded tractography of the delineated 
corticospinal tract reported a mean FA change slightly below 1%. Although the authors consider it optimistic to 
detect the same level of change in a CP rehabilitative study, testing for lower levels of change was not conducted as 
substantially smaller changes are difficult to interpret biologically. 
2.3.2 Surface-fMRI seeded tractography 
Functional MRI provides an alternative to using structural ROIs to seed tractography. With fMRI seeded 
tractography, an fMRI analysis is conducted to identify motor regions, and the resulting activation used as the seed 
region of interest. A surface-based fMRI+tractography approach was selected, as this has been demonstrated to 
delineate the corticospinal tract in children with UCP in a more clinically-informative manner than a naïve fMRI-
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seeding approach [Reid et al., 2016b]. This approach was also found to be more robust to the presence of severe 
pathology, including cases where ROI methods can be expected to fail [Reid et al., 2016b]. 
To calculate measurement error in a UCP population, surface-based fMRI tractography was conducted on the 
UCP dataset. During each scan session, two block-design task-based fMRI scans were collected, each consisting of 
90 echo planar images (TR/TE 3000/30ms; 3mm isotropic; full brain coverage; online distortion correction using 
point-spread-function mapping). Each scan consisted of nine 30-second blocks, alternating between ‘stop’ and 
‘move’ conditions. Participants were instructed to tap their hand, by full extension at the wrist, in time with this cue 
in the ‘move’ condition, and to remain still during the ‘stop’ condition. A visual cue consisting of the words ‘move’ 
or ‘stop’ was visible at all times, in addition to an auditory click that was delivered at 1 Hz. Participants utilised their 
more able hand during the first scan, and their less able hand during the second scan. The long block lengths and 
simple task used were aimed at reducing the influence of various biological factors associated with cerebral palsy 
[Reid et al., 2016a]. It should be stressed that functional data were used to seed tractography only and were neither 
designed nor intended to be directly interpreted. 
Surfaces were generated from each single-participant template (Figure 2). Each fMRI-session was analysed 
individually in surface space, using methods and parameters described previously [Reid et al., 2016b]. This included 
5mm of surface-smoothing, and motion scrubbing where frame-wise displacement [Siegel et al., 2014] exceeded 
0.9mm. Contrast was set as move > stop, and statistical significance was set at p<0.05 after family-wise error 
correction. Manual filtering of significant activation was then carried out, as described previously [Reid et al., 
2016b], to retain only the largest ROI near the hand-knob on the right S1M1. For each participant, identical seeding 
region for each time-points’ tractography was generated by performing a union of regions of significant activation 
from each time-point. This seeding region was expanded such that total seeding area was at least 200mm2 in 
participants who displayed significant fMRI activation, but whose total seeding area would otherwise be below this 
size. Tractography from this seeding region was performed using established methods [Reid et al., 2016b], including 
use of cluster-based filtering to restrict analysis to the delineated corticospinal tracks.  
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Figure 2. Example of cortical thickness (left), projected onto the pial surface; ROI-seeded diffusion tractography (middle); and 
surface-fMRI seeded tractography (right) in a single participant with CP. Tracks from all slices are shown, overlaid on a diffusion 
b0 image. Note the higher anatomical specificity of the surface-fMRI seeded method, relative to the ROI-seeded method. Left 
of images is left of the participant.  
With respect to estimated FA change, the aforementioned neuroplasticity motor-training study reported FA 
change, elucidated with this surface-based fMRI approach, of 3.28%. Because rehabilitation trials in CP typically 
report lower degrees of behavioural improvement than the aforementioned study [Hoare et al., 2007], an FA 
change of 1.5% was considered to be a balanced estimate for effective therapy over a six month time frame.  
2.4 Accounting for Data Exclusions 
When studying children with brain pathology, acquired data must often be excluded due to motion artefacts or 
software instability in the presence of brain lesions. Based on the sample size computed from the power analyses, 
      , an extra analysis was performed to determine the practical number of children required to undergo 
scanning, given a probability that a scan is able to be both acquired and processed successfully,              . 
This probability, which was ranged between 60% and 100% represents the probability of obtaining an image free of 
motion artefacts. Because each child must successfully undergo scanning twice in a longitudinal study, the final 
number of participants was computed based on the square of this probability, as shown below. 
                           
 ⁄  
This equation was checked against historical imaging data for over 100 children with UCP, aged 5 – 18 years, 
acquired by the authors. It was confirmed to that the number of excluded participants in a two time-point study 
could be predicted by squaring the number of individual time-point datasets that were rejected due to motion or 
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processing issues (data not shown). Based on the authors’ historical rates of data rejection, the text focusses on a 
75% probability of success for structural imaging, and a 65% probability of success for fMRI-seeded and ROI-seeded 
diffusion MRI. The primary reason for data rejection for the authors’ data were motion artefacts. Success was 
generally lower in diffusion analyses due to the longer scan time and thus higher likelihood of motion during 
acquisition. Although fMRI-seeded tractography requires two sets of good images (fMRI and diffusion), historical 
data acquired by the authors showed similar success rates with ROI-based diffusion analyses because of automated 
cortical parcellation has a high failure rate when pathology is present.   
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3. Results 
To detect a change in cortical thickness of the sensorimotor cortex with 80% power, the number of children 
required to successfully complete imaging was between 25 and 106, depending on the expected effect size of 
treatment (
19 
 
20 
 
Figure 3). These numbers rose to between 33 and 138 to achieve power of 90%. For the ‘balanced’ estimate of an 
8% expected change, the number of children required to complete imaging was 57, 77 and 95 for powers 80%, 90% 
and 95%, respectively. Power curves for supplementary motor and superior parietal areas are supplied in 
Supplementary Figure 2. 
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Figure 3. Power analysis curves. Graphs in the left column denote the relationships between power and number of participants 
for a variety of expected changes in cortical thickness (top row), ROI-seeded tractography (middle row) and surface-fMRI-
guided tractography (bottom row), assuming successful scans in all instances. Three power thresholds are illustrated, 80% (full 
line), 90% (dashed line) and 95% (dotted line). Graphs in the right column display the number of children required to be 
scanned at both time points taking into account a variety of success rates of scanning and image processing (P(success)). These 
are displayed for changes of 8%, 1%, and 1.5% in cortical thickness (top), ROI-seeded tractography (middle) and surface-fMRI-
seeded tractography (bottom), respectively.   
To detect a change in FA of the delineated corticospinal tract using ROI-seeded tractography with 80% power, 
the number of children required to successfully complete imaging was between 7 and 56, depending on the 
expected effect size of treatment (
23 
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Figure 3). These numbers rose to between 9 and 77 to achieve power of 90%. For the most realistic estimate of a 1% 
change in FA, number of children required to complete imaging was 56, 79 and 93 for powers 80%, 90% and 95%, 
respectively. 
Required imaging counts to achieve an 80% power for surface-based fMRI-seeded tractography were 
substantially lower, between 3 (for a heavily optimistic expectation of change) and 22, for a safer expected effect 
size (
25 
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Figure 3). For the ‘balanced’ estimate of a 1.5% change in delineated corticospinal FA, the number of children 
successfully completing two scans was 9, 13 and 16 for powers of 80%, 90%, and 95%, respectively.  
Accounting for Data Exclusions 
Practical issues related to participant cooperation, imaging artefacts, and processing difficulties will significantly 
affect the number of participants required. To achieve 80% power, assuming a 75% probability of a successful scan, 
101, 106 and 16, participants are required to undergo scanning for cortical thickness (8% change), ROI-based 
tractography (1% change) and fMRI tractography (1.5% change) respectively (
27 
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Figure 3). It is notable that achieving successful diffusion and fMRI scans is much more difficult than acquiring T1 
images, due to the scan lengths and/or participant interaction required. At a 65% probability of success required 
participant numbers are to 142 and 21 for ROI-seeded and fMRI-seeded tractography methods, respectively.  
 Due to the heterogeneity seen in cerebral palsy populations, a study with a low number of participants is 
unlikely to fairly represent the variety of pathology and other factors observed in the general population (see 
Discussion). For this reason, the above number-to-scan calculation was repeated for a target of 25 participants. As 
shown in Figure 4, 45 or 60 participants are needed to be scanned in order to achieve this target, assuming 
P(success) of 75% or 65%, respectively. 
 
Figure 4. Number of participants needs to scan in order to successfully analyse 25 participants. 
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4. Discussion 
The present study calculated number of children with unilateral cerebral palsy required to undergo scanning and 
intervention in order for a neurorehabilitative study to detect changes in cortical thickness of the more-impaired 
primary sensorimotor cortex, or FA of the more-impaired, delineated corticospinal tract using either M1 ROI-seeded 
or surface-fMRI seeded tractography. It is important to note that the values here assume that all enrolled 
participants attend all scans – they do not account for general trial attrition. Attrition was purposefully not 
accounted for, as each study cohort may display substantially different drop-out rates due to socioeconomic, 
cultural, and trial-specific factors (such as length). To achieve a number-to-enrol, it is important that the number-to-
scan values reported here are also adjusted by the expected attrition rate of the trial in question. 
4.1 Cortical Thickness 
Measuring change in cortical thickness required 101 participants to undergo scanning to achieve an 80% power, 
assuming a mean cortical thickness change of 8%, and a scan-and-analysis success rate of 75% per scan-session. As 
the calculations presented here indicate that the primary factor determining statistical power was the reliability of 
the cortical thickness measure (Supp Fig 1), a study may be able to improve their statistical power by achieving 
more sensitive or reliable measures of cortical thickness change. One means of doing so is to collect multispectral 
data (T1, T2, and proton density sequences) at high resolutions, as this can improve grey-matter estimations in a 
number of software standard packages. The other main driver of required participant numbers for cortical thickness 
analysis was scan-and-process success rates. For example, a study with a scan-and-process success rate of 90% 
needs approximately half the number of enrolled participants than a study which loses one in three scans. An 
important means of improving statistical power is, thus, to give adequate consideration to the preparation and 
conduction of scans. Pre-existing protocols that address these issues have been published, with impressive success 
rates [Theys et al., 2014]. A complimentary means of reducing data loss is to give ample consideration to processing 
software. Some mainstream packages [Fischl, 2012; Friston et al., 1994], particularly with their default pipelines, 
make assumptions about brain structure that do not apply to brain-injured populations, affecting the registration of 
atlases to children with UCP. This can result in a dataset rejection rates above 35%, even in healthy participants 
[Iscan et al., 2015; Pagnozzi et al., 2015]. Utilisation of simpler methods that make fewer assumptions of brain 
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structure [Avants et al., 2011; Han et al., 2004; Manjón and Coupé, 2016], such as those utilised here [Pagnozzi et 
al., 2015; Pagnozzi et al., 2016b], can help to minimise the loss of data and thus improving a study’s statistical 
power. Finally, teams interested in this measure with unavoidably underpowered trials should consider active 
collaboration with other groups to harmonise imaging protocols, allowing for data to be aggregated across similar 
interventional studies. Note that multi-centre studies will carry with them an additional degree of variability due to 
the use of multiple scanners, though the effect of this on diffusion or cortical thickness measurements is beyond the 
intended scope of the present work. 
4.2 Diffusion MRI Tractography 
Tractography seeded by ROIs of M1, manually delineated by an expert neuroanatomist, required 106 or 128 
participants to detect a 1% change in delineated corticospinal FA at 80% power, assuming the 75% or 65% scan-
session success rates, respectively. Although it may be tempting to assume a greater degree of FA change may take 
place, which would reduce required participant numbers (
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Figure 3), such an assumption is contrary to existing evidence; higher values were only presented here for direct 
comparison with fMRI-seeded tractography. By contrast, surface-fMRI guided tractography required only 42 
participants to detect the same degree of change at a 65% scan-session success rate, due to its substantially lower 
test-retest error in the UCP cohort. According to a motor learning study in healthy adults [Reid et al., 2016c], this 
method can also be expected to display greater mean FA changes than an ROI based approach, presumably due to 
its greater anatomical specificity (Figure 2). When the expected degree of change for surface-fMRI guided 
tractography was raised to a more realistic 1.5% – slightly under half of the degree of change demonstrated in the 
aforementioned study – this number fell further, to 21.  
 It is clear, then, that the primary driver of power in tractography analyses is the processing method. In fact, the 
numbers presented here suggest that even moderately large randomised controlled trials are unlikely to find 
genuine white-matter changes of the delineated corticospinal tract without resorting to an fMRI-guided approach, 
or similar. Although an fMRI-based diffusion analysis pipeline may require substantial investment to set up, the 
savings associated with fewer scans is likely to provide a substantial, if not complete, financial offset. We note that 
the fMRI-based method requires a specific motor task, which will require meaningful consideration of participants’ 
abilities and of the specific region that is expected to be targeted by the intervention (e.g. hand knob within M1, or 
the equivalent region in re-organised brains).. When using such an approach, the present analysis suggests that 
statistical power is not the primary concern. It is important to remember that cerebral palsy is a highly 
heterogeneous condition. As such, even large demonstrated brain changes in smaller cohorts will not generalise to 
the general CP populous. For this reason, although not based on hard calculation, it is recommended that studies 
aim to successfully scan and process data from no fewer than 25 participants, and ensure a test partition of no less 
than 25% of the available data when constructing predictive models to verify the generalisability of the model. As 
shown in Figure 4, a P(success) of 65% requires attempting to scan approximately 59 children, ignoring general 
attrition. 
 For studies restricted to utilising manually or automatically delineated ROIs for tractography seeding, 
improving statistical power will rely on reducing variability of response to treatment; using scanning protocols 
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designed to reduce participant anxiety and behavioural issues; and opting for software pipelines that are robust to 
pathology (which may require manual delineation of ROIs). One practical step toward reducing variable response to 
treatment is to enrol as homogenous a cohort as possible in terms of CP subtype, severity, and pathology. This is 
likely to minimise the variance in response to treatment and thus improve the statistical power of a longitudinal 
trial. This also carries the added benefit of improving interpretability, but may reduce the generalisation of results 
to people with dissimilar pathology. Another action that can be taken is to opt for treatment delivery that is actively 
monitored, or individually customisable, to better enable participants with more severe pathology or situationally-
difficult circumstances to achieve results.  Finally, head motion is common in children with intellectual disability. 
Adequate preparation of participants, ideally with mock scanners, is likely to improve the rates of successfully 
obtaining artefact-free scans, boosting the power of the study.  
4.3 Alternative Measures 
With high required enrolee counts, particularly for cortical thickness, it is not unreasonable consider whether it is 
worth utilising alternative measures of brain change. The authors prefer not to rely on voxel-based analyses such as 
(standalone) fMRI using available software packages [Woolrich et al., 2009], voxel-based morphometry (VBM) 
[Ashburner and Friston, 2000], or tract-based spatial statistics (TBSS) [Smith et al., 2006] for this purpose. In order 
to conduct groupwise analyses voxel based analyses, especially standalone fMRI, make a number of assumptions 
that are invalidated by pathology [Reid et al., 2016a]. These include the assumptions of uniform anatomy, and 
uniform structure-function relationships, across participants. The data retention rates amongst such methods may 
also be reduced in CP cohorts due to the instability of non-linear registration methods when pathology is present 
[Pagnozzi et al., 2015]. By contrast, ROI-based analyses only assume that change will occur somewhere within the 
region of interest for each participant, and do not rely at all upon inter-subject anatomical correspondence or non-
linear registration methods. Although fMRI analyses can be performed in an ROI-based manner, there is presently 
no guarantee that this will be more sensitive than the methods detailed here. Furthermore, the interpretation of 
fMRI is complex in CP populations and is most robust when supplemented by independent neuroimaging measures 
[Reid et al., 2015; Reid et al., 2016a]. 
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In a related note, readers may also consider whether it is worth forming a different form of hypothesis in order 
to make smaller neuroimaging studies (<25 participants) more viable. Certainly, alternative forms of hypotheses are 
possible, such as calculating the proportion of the population whom can be expected to see a brain change meeting 
certain criteria (observed brain change ‘typicality’) [Friston et al., 1999a; Friston et al., 1999b]. As indicated earlier, a 
discussion on these forms of hypotheses is well outside the scope of the present work. It is worth noting, however, 
that biological insight into neurorehabilitation in CP is presently awaiting characterisation of induced brain changes’ 
qualities (such as type, location, and amplitude). Such characterisation is more explicitly tested with the hypotheses 
utilised in the present paper.  
4.4 Limitations 
The experiments reported here tested many different sets of assumptions, using data-driven parameters where 
possible, but some limitations remain. Perhaps the largest remaining limitation is that it is not presently known 
whether brains impaired by cerebral palsy are capable of similar levels of plasticity to a brain free of pathology. 
There is some evidence to suggest that this may be age dependent [Andersen, 2003; Johnston, 2009], a factor not 
included in the present model due both to a lack of data, and to a desire for the results to be broadly applicable. A 
second limitation is that both cortical thickness and myelination change during typical development with age 
[Bennett et al., 2010; Zielinski et al., 2014]. A consequence of this is that long-term studies must account for age at 
each time point, either directly or with a control cohort, to avoid misconstruing development as intervention-
induced brain change. Another limitation is that the variance in longitudinal changes in structural and diffusion 
measures was only measured from five children with CP, and as such may not be representative of children with CP 
outside this age range or with different underlying brain pathologies. In these instances, it is recommend that 
researchers compute their own power using the equation from the Statistical Analyses section, substituting in their 
own more representative estimates of effect size and variance. 
5. Conclusions 
Based on data driven parameters and practical limitations, calculations reported that 101 participants were 
required for longitudinal measurement of cortical thickness in the impaired sensorimotor cortex. For the 
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measurement of FA in the impaired, delineated corticospinal tract, these numbers were 128 for ROI-seeded 
tractography, and 59 for fMRI seeded tractography, respectively. These numbers must be multiplied by a constant 
factor to take into account expected study attrition. Although these participant numbers may be excessive for many 
rehabilitative trials, several options are available to improve statistical power, including ample preparation of 
participants for scanning, careful consideration of image processing options, and enrolment of as homogeneous a 
cohort as possible. Smaller and more moderate-sized studies can still realise the full potential of their datasets by 
harmonising scanning protocols in order to allow the pooling of data. 
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Supplementary Material 
Supplementary Table 1. The values of variance used in the power analysis, including measurement error (            ) and 
variance in response to treatment (         ), for both structural and diffusion measures.  
Neuroimaging 
measures 
Estimate of 
effect size 
                                    = 10%           = 15% 
Cortical thickness 8% 0.412 0.0005 0.0024 0.0053 
ROI-seeded 
tractography 
1% 6.28e-04 2.5e-05 1e-04 2.25e-04 
Surface-fMRI 
seeded 
tractography 
1.5% 1.54e-04 3.75e-05 1.5e-04 3.38e-04 
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Supplementary Figure 1. Representative axial slices illustrating the brain pathology of the structural MRI of the five children 
with UCP, who underwent two scans, without rehabilitation in-between, to obtain estimates of measurement variance.  
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Supplementary Figure 2. Power analysis curves. Curves represent number of participants needed for a variety of expected 
changes in cortical thickness (top row), ROI-seeded tractography (middle row) and surface-fMRI-guided tractography (bottom 
row), assuming successful scans in all instances. Curves in the left column represent a 5% standard deviation in response to 
therapy, curves on the right represent a 15% standard deviation in response to therapy, based on previous rehabilitative trials 
for CP. Three power thresholds are illustrated as horizontal black lines, 80% (full line), 90% (dashed line) and 95% (dotted line). 
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Supplementary Figure 3. Power analysis curves. Curves represent number of participants needed for a variety of expected 
changes in cortical thickness in the posterior parietal lobe (top row) and supplementary motor cortex (bottom row). The 
different columns represents different standard variations of participant response to treatment: 5% (left column), 10% (middle 
column), and 15% (right column). Three power thresholds are illustrated as horizontal black lines, 80% (full line), 90% (dashed 
line) and 95% (dotted line). 
